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ABSTRACT:
A greater number of toxicity data are becoming publicly available allowing for modelling. However, questions often arise as how to incorporate data quality and how to deal with contradicting data if more than a single datum point is available for the same compound. In this study, two well+known and studied QSAR/QSPR models for skin permeability and aquatic toxicology have been investigated in the context of statistical data quality. In particular, the potential benefits of the incorporation of the statistical Confidence Scoring (CS) approach within modelling and validation. As a result, robust QSAR/QSPR models for the skin permeability coefficient and the toxicity of non+polar narcotics to assay were created. CS+ weighted linear regression for training and CS+weighted root mean square error (RMSE) for validation were statistically superior compared to standard linear regression and standard RMSE.
Strategies are proposed as to how to interpret data with high and low CS, as well as how to deal with large datasets containing multiple entries.
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INTRODUCTION
The assessment of biological, and more specifically toxicological, data quality is crucial for many disciplines. Although the quality of data has no absolute definition, it is strongly associated with attributes such as validity, adequacy ( fitness for purpose), reproducibility and reliability. 1 Confidence in the toxicological data, which may be derived in part at least from an assessment of data quality, is of great importance for regulatory bodies which have to make decisions on acceptable limits of chemicals relating to human and environmental exposure. Low, or poor, data quality may also affect the quality of computational models, such as Quantitative Structure+Activity Relationships (QSARs), grouping and read+across, which are relevant both for risk assessment and regulatory decisions.
2+4
In principle there are two general approaches to assess the quality of biological and toxicological data. The first is based on the assessment of the reported testing information alone.
That means data quality is assessed by considering external factors, ! data and experimental reliability, completeness of documentation and adoption of protocols such as Good Laboratory Practice (GLP). Schemes such as that developed by Klimisch 1 and its formalisation into the ToxRTool (Toxicological data Reliability Assessment Tool) are well known, established and relatively accepted within the scientific community. 1, 3 A second approach, where there are multiple and comparable data for the same compound in the same test, is to apply a statistical method. In this case, confidence scores (CS) can be calculated to emphasise data with a high weight of evidence, concordance between two or more independently conducted tests. The
CS is the ratio of number of test values (n) and relative standard deviation (RSD) of test results,
as defined in Equation 1 . Thus, if the same compound was tested independently with the same 4 assay and the results were comparable, there will be a high CS for this compound and the associated experimental values. 5 
CS =
(Eq. 1)
Examples of calculations of CS are provided in Table 1 CS of a compound with n = 1 is defined as 1 is the minimum value As there is growing interest in techniques such as read+across to fill data gaps for regulatory purposes, and there is increasing accessibility to toxicity data through resources such as the OECD QSAR Toolbox to perform read+across, there are more possibilities to apply approaches such as the confidence scoring to improve the robustness of modelling. In this study the relevance of the statistical CS approach has been assessed with regard to established QSARs for two endpoints, namely skin permeability coefficients and cytotoxicity for which large compilations of historical data are available . 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 6 " There have been many efforts to develop Quantitative Structure+Permeability Relationship (QSPR) models to predict various measures of dermal absorption. 6+11 The most recognised and applied QSPR to predict the skin permeability coefficient (k p ) is that developed by Potts and Guy in 1992 (Eq. 2). 9 They identified the molecular weight (MW), to account for the size of a permeant, and the logarithm of the octanol+water partition coefficient (log K OW ), as a descriptor for lipophilicity, as parameters to model k p following an analysis based on the Flynn data compilation. 12 The mechanistic explanation is that small, lipophilic compounds pass through the , the most outer layer of the skin, more easily than larger, more hydrophilic compounds. 9, 13 log k p (cm/h) = +2. 32 , so the life sciences, and in particular toxicology, has to deal increasingly with large and complex datasets. 33 However, the task of assessing the toxicity data for quality, particularly when contradicting data are present, has not yet been accomplished. Any indication of the quality of data would be very helpful for purposes such as risk assessment, but more crucially for modelling including QSARs and read+across prediction. 3, 5 Therefore, the aim of this study was to investigate how using approaches for statistical data quality, CS, improve the development of QSAR/QSPR models. Specifically, the effect of directly incorporating the CS into the training and testing of the models was considered. To achieve this, the two endpoints described above were chosen for analysis, namely human skin permeability coefficients and the acute toxicity of compounds acting by a non+polar narcotic mechanism of action to . The reasons for choosing these endpoints included the fact that there were many historical data of variable and unknown quality, many compounds had been tested multiple times (a pre+requisite of applying the CS) and that there were simple, robust and mechanistically interpretable QSAR models for them. Thus, for both data sets, QSARs were constructed with and without reference to the CS. 37 MW was calculated with the CDK node "molecular properties" within KNIME 2.9.
2.3 Calculation of Confidence Scores (CS)
Confidence scores were calculated for the compounds in both data sets with regard to their k p and EC 50 values respectively. For compounds with more than a single experimental value, the arithmetic mean (x ̅ ), number (n), standard deviation (SD) and relative standard deviation (RSD)
were calculated with reference to data in the units stated in Section 2.1 and before logarithmic transformation. A confidence score (CS) was assigned to the arithmetic mean of the experimental values for each compound. Compounds with a single entry (n = 1) were assigned a confidence score of one (CS = 1). For n > 1 the CS was calculated as in Eq. 1.
Development of QSARs
Uni+ and multivariate linear regression was performed on the datasets using R Studio 0.98.501.19. 39 Linear equations were generated and the following statistical, and other, criteria recorded: n (number of data points), S (standard error), R 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 11 regression means that each datum point is associated with a weight. A high weight strengthens, and a low value weakens, the impact of the data point towards the linear regression. In this manner, data for compounds associated with a high confidence score would be more heavily weighted in the regression analysis than compounds with a lower confidence score. Comparison of the statistics of the weighted and unweighted regression analysis provides an indication of whether CS is able to improve the robustness of models.
Evaluation of the Predictivity of the QSARs/QSPRs
Statistical evaluation of the predictive capability of the CS+weighted QSAR and the CS+ weighted QSPR was performed using 10+fold cross+validation, the compounds were ordered by k p and pT respectively and every 10 th compound was removed in turn leading to 10 training and validation sets. After applying the CS+weighted linear regression, the 10 datasets were investigated by the root mean square error (RMSE); predicted (f i ) versus experimental (y i )
values. Additionally the root mean square error adjusted for CS (RMSE CS ) was calculated (Eq.
3). It is expected that during the validation process, the RMSE CS , which incorporates CS+ weighting, will be lower than the standard RMSE. As the residuals (f i + y i ) of the compounds with low CS values are weakened and the residuals of high CS compounds are strengthened, the sum of (squared) errors of the RMSE CS should be reduced in comparison to the conventional QSAR/QSPR models were developed using linear regression with the experimental log k p and pT as the dependent variables and log K OW and MW (for k p only) as descriptors. Linear regression analysis was performed on both datasets, the resultant QSPRs for skin permeability coefficients based on the Potts and Guy approach (Eq. 4 (unweighted), Eq. 5 (weighted), Fig. 1) and the log K OW +based QSARs for the acute toxicity of non+polar narcotics to (Eq. 6
(unweighted), Eq. 7 (weighted), Fig. 2 ) are reported below. Experimental k p values are plotted against predicted values from Eq. 5 in Figure 1 , demonstrating good overall predictivity. In particular, there is a good fit about the line of unity, with a significant trend for compounds with the highest CS (represented by larger circles) to be well predicted, and the significant outliers tending to be compounds with low CS, single data points. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 15 Experimental log k p versus predicted log k p from Eq. 5. The area of circles correspond to the CS value; the larger the CS, the greater the area of the circle. The solid line indicates a slope of unity and an intercept of zero.
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The QSPR model represented by Eq. 5 was tested using 10+fold cross+validation. The statistical summary is presented in Table 3 . Notably the RMSE CS is lower than the RMSE. The unweighted QSAR for the non+polar narcotics in the Microtox dataset, using a log K OW + based linear regression was: pT = +1.14 + 0.68 log K OW (Eq 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 Measured pT versus pT predicted from Eq. 7. The area of circles corresponds to CS value; the larger the CS, the greater the area of the circle. The solid line indicates a slope of unity and an intercept of zero.
The QSAR model Eq. 7 was assessed with 10+fold cross+validation. The summary of the statistics for Eq. 7 is presented in The aim of this work was not to build new QSAR/QSPR models, but to make two existing models more robust using independent, heterogeneous datasets. The two QSARs and associated datasets chosen are well established. In this study the datasets have been extended by further data harvesting and collection. As part of the data collection activity, multiple data were compiled for the same chemical, thus allowing for the application of the CS approach to determine the reliability of the data. This approach has not been applied formally in the development of QSARs and there are no clear guidelines on how to develop QSARs when multiple data are available for the same chemicals ( use of the mean, most conservative value .). In addition, there appear to be few, if any, attempts to include information such as data quality as a metric or criterion for QSAR development, this being despite it being logical and acknowledged that data quality will affect the robustness of a QSAR. 40 It should also be noted that current means of documenting QSARs provide little opportunity for assessing the quality of data. Therefore approaches that 19 allow us to identify data quality quantitatively and without subjective bias are of value to develop models.
Skin permeability is often assessed by experimental, but also some work is undertaken. % models are increasingly desirable in areas such as risk assessment where there is a dermal exposure ( ! for cosmetics) and for assessing adverse effects to the skin, ! skin sensitisation. Since the publication of the Flynn data 12 , there have been a number of QSAR analyses of skin permeability coefficients including refinements and extensions to the database. 13 The Potts and Guy approach 9 , based on fundamental and mechanistically comprehensible descriptors is one of the more commonly utilised QSAR modelling methodologies. This study has derived a Potts and Guy equation for a larger dataset not only increasing the coverage of the model ( greater chemical space) but also incorporating multiple data points for the same chemical and allowing for an assessment of quality through CS. It is noted that published skin permeability coefficients are highly variable, due in no small part to high experimental error arising from the variable nature of the (human) skin utilised and test protocols, ! use of solvents, enhancers, finite doses . vehicles, solvents 14, 15 As such, it is to be expected that models will not have a very significant statistical fit ( a high R 2 ) and this is borne out by many of the published models 9,14 , indeed models with significant fit should be treated with some caution as they may be overfitted.
Whilst high statistical fit was not achieved for the skin permeability QSARs, the results show a significant relationship with log k p and log K OW and MW with both variables demonstrating high 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 20 incorrect and would have increased the error in the Potts and Guy QSAR. 15 The novel QSPR model (cf. Eq. 5 and Fig. 1 ) derived from the skin permeability data has some advantages over the original Potts and Guy 9 model. First of all robustness, due to model development incorporating statistical data quality (cf. Tab. 3); secondly a greater applicability domain due to implementing a dataset with greater chemical diversity (in terms of properties and structure) than Flynn 12 ; and thirdly due to the usage of calculated log K OW (whereas the original model used measured values which are more difficult to obtain consistently). Nevertheless the differences between Potts and Guy's Eq. 2 and Eq. 5 are only marginal. It is recognised that there are many limitations to this use of this model. For example it does not predict the effects of mixtures and formulations on the penetration of single compounds, which could be of great importance for risk assessment of products and dermal drug delivery. 41 However, the QSAR approach allows for a "relative" estimation of skin permeability which may be useful to rank compounds, or identify compounds with a high probability of dermal absorption and hence prioritise such compounds in the risk assessment process ( ! for skin sensitisation).
The assessment of effects of chemicals to the bacterium (or the Microtox test) is one of the more rapid, cheaper and fundamental measurements of cytotoxicity. Data from the Microtox test show good correlation with higher species, especially for compounds acting by non+specific mechanisms of action such as non+polar narcosis. 42 Thus, if a compound can be identified as being a non+polar narcotic, Microtox data may, if used appropriately and with caution, add further to the weight of evidence associated with a prediction. It is very well established that there is a strong relationship between hydrophobicity, as described by log K OW , and non+polar narcosis for many species. 43, 44 This study has expanded the number of chemicals 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60   21 with data within non+polar narcosis domain for , hence expanding the chemical space and extended a previous study. 5 It is of no surprise that the non+polar narcosis data for (Microtox) are significantly correlated with log K OW , even if some historical data are obviously of quite poor quality. 5 The QSAR (Eq. 7) is similar to earlier published aquatic toxicology QSAR models, toxicity is increasing linearly with lipophilicity.
5,22+24,43
Consideration of the QSARs developed in this study shows an improvement in the models when utilising CS+weighted regression. The improvement is both the statistical fit but also the slope for log K OW which approaches one when employing CS+weighting, from 0.68 to 0.90 (cf. Eq. 6 to 7). A slope of one is the theoretical optimum which is commonly associated with models for simple unicellular organisms, the absorption of the compound alone directly into the cellular membrane is responsible for narcosis, whereas in higher organisms other factors such as distribution and clearance become important. The improvements following the application of CS are consistent with the notion that some historical data are of poor quality 45 and demonstrates the utility of an approach such as this when generalistic QSARs are being developed for data sets from various sources and of unknown quality. The importance of the compounds with high CS values can be seen in Fig. 2 , when considering that all large CS+circles are close to the line of best prediction. The quantity of data and the incorporation of statistical data quality make a robust equation with an extensive applicability domain -for non+polar narcotics. Clearly this approach could be extended to other data compilations for aquatic acute toxicity. 46 The identification of compounds acting by the non+polar narcotic mechanism of action is essential to the development of the models. Various approaches have been applied to identify 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 22 mechanisms of action including analysis of molecular descriptor space 47 , multivariate analysis of mode and mechanism of action space 48 , definition of molecular fragments 26 show improvements in the models as a result of weighting by CS, the S value does not incorporate weights and so only indicates absolute, unweighted error thus it actually increases when the non+weighted regression is compared to the weighted regression. Generally the higher the CS for the data associated with a compound, the greater the evidence is, in terms of similar results for that compound (cf. Fig. 1 and 2 ). In the validation process, the RMSE CS , which incorporates CS+weighting, is lower than the standard RMSE. As residues (f i + y ) of low CS compounds are weakened and residues of high CS compounds are strengthened, the sum of (squared) errors of the RMSE CS becomes lower than in the conventional RMSE. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
